Appendix A. Supporting information

Machine learning for membrane bioreactor research:

principles, methods, applications, and a tutorial

. . . * . . . .
Yizhe Lai !, Kang Xiao **", Yifan He >, Xian Liu **, Jihua Tan ', Wenchao Xue >,

Aigian Zhang **, Xia Huang °

! Beijing Yanshan Earth Critical Zone National Research Station, College of
Resources and Environment, University of Chinese Academy of Sciences, Beijing
101408, China
2Key Laboratory of Earth System Numerical Modeling and Application, University of
Chinese Academy of Sciences, Beijing 101408, China
3 Environmental Chemistry Faculty, College of Resources and Environment,
University of Chinese Academy of Sciences, Beijing 101408, China
4 State Key Laboratory of Environmental Chemistry and Ecotoxicology, Research
Center for Eco-Environmental Sciences, Chinese Academy of Sciences, Beijing
100085, China
> Department of Energy, Environment, and Climate Change, School of Environment,
Resources, and Development, Asian Institute of Technology, P.O. Box 4, Klong
Luang, Pathumthani 12120, Thailand
% State Key Joint Laboratory of Environment Simulation and Pollution Control,

School of Environment, Tsinghua University, Beijing 100084, China

* Corresponding author, E-mail address: kxiao@ucas.ac.cn (K. Xiao)



Tables

Table S1. Summary of common activation functions

Table S2. Comparison of decision tree algorithms

Table S3. Examples of machine learning models to predict pollutant removal
performance in MBRs

Table S4. Examples of membrane fouling prediction in MBRs based on support
vector machine, decision tree, and ensemble learning models

Table SS. Presentation of the virtual raw data for the tutorial example

Figures

Figure S1. Number of publications using machine learning in MBR research
Figure S2. Goodness of fit (R?) of ANN models with varied parameters for MBR

research: (a) pollutant removal prediction models; (b) fouling prediction models

Notes

Section 1. Set of model parameters



Tables

Table S1. Summary of common activation functions

Model Activation function Schematic curve Feature Eqn.
MLP 0, x<0 g Discontinuity with mutation 1
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4 -3 2 1
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MLP . id(x) Y Insensitive to extreme values 2
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I+e ‘
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L Gradient vanishing or gradient explosion
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Table S2. Comparison of decision tree algorithms

Key point or
algorithm name

ID3

C4.5

CART

Feature selection

Record division

Stop splitting
conditions

Pruning method

Information gain, which
selects the feature with the
greatest information gain
Multi-division

Information gain smaller
than the threshold

Not supported

Information gain rate, which
selects the feature with the
largest information gain ratio
Multi-division

Information gain ratio
smaller than the threshold

Pessimistic error pruning

Gini coefficient (Gini), which selects
the feature with the smallest Gini
coefficient

Binary division only

Gini coefficient smaller than the
threshold, or the number of samples
smaller than the threshold

To minimize the loss function, or use
Gini coefficient to measure the loss




Table S3. Examples of machine learning models to predict pollutant removal performance in MBRs

RN Hidden layer Structural Training s
Model Optimization activation function features Input parameter Output parameter algorithm Fitting performance Ref.
Influent (COD, TN), COD: MAPE =0.041 .
WNN 4-9-1 pH, HRT, F/M Effluent (COD, TN) TN: MAPE = 0071 Cai et al., 2019b
Influent (COD, TN), COD: MAPE =0.021 .
WNN 4-9-1 pH, F/M, salinity Effluent (COD, TN) TN: MAPE = 0038 Cai et al., 2019¢
Influent (COD, NH3- COD: R?>=0.998 .
WNN 3-2-1 N), salinity Effluent (COD, NH3-N) NHa-N: B2 = 0.994 Caietal., 2019d
L HRT, MLSS, pH, R2=0.99 .
MLP tan-sigmoid 4-3-1 influent COD Effluent COD DX MSE = 0.00147 Cai et al., 2019a
. . Influent COD, pH, DO, _
MLP tan-sigmoid 5-4-1 HRT, COD of MBR Effluent COD DX MSE = 0.008546 Chen et al., 2008
COD: MAPE =0.0514
Influent (COD, NH3-N
. . . X > Effluent (COD, NH3-N, NH;3-N: MAPE = 0.0620
MLP tan-sigmoid g}r{a]{dgyo,L/;S), SRT, turbidity, LAS) turbidity: RMSE =0.0276 Chen et al., 2009
’ P LAS: RMSE =0.0141
MLP GA tan-sigmoid 4-9-4 ., OLR, Cycle period,  COD, TOC, MLSS, Oil BBP R2=0.99 Pendashteh et al., 2011
TDS content in sludge
Influent (COD, NH3-N,
MLP tan-sigmoid 8-(3x3)-4  NOs-N, TP), SRT, ifgue;t (chg D, NHs-N, Cinar et al., 2006
HRT, Flux, TMP P
Influent (BOD, COD, . .
RBFNN RBF 5.5-1 NH3-N, TP), HRT, Eﬁl“;ﬁ“g? D, COD, R>>0.99 erb"‘zgélf;)et al,
TDS, MLVSS, pH M
2-(6x20)-1 TOC: R?=0.94
2-(4x10)-1 pH, EC, Influent (TN, Removal rate of TN, TN: R2=0.92
MLP tan-sigmoid 2-(4x10)-1 NHs-N, TOC, TP, NH3-N, TOC, TP and LM NH3-N: R?=0.92 Viet and Jang, 2021
5-(4x10)-1 phosphate) phosphate TP: R2=0.77
4-(2x10)-1 phosphate: R? = 0.89
ML Tof MBR, T of Iéglgem (pH’lcotD)’
CNN ReLU environment, Flux, Biogarseé?)gsosriiz’n Li et al., 2022
DenseNet influent(7, pH, COD), Biogas yield, ORP
Influent (TOC, TN, TR, p o TN: MSE = 0.015
LSTM ReLU COD, NHs-N), $8,DO, 7 ;I P ’ NH;-N: MSE = 0.0047 Yaqub et al., 2020
ORP, MLSS SR TP: MSE = 0.018
MLP (0% sigmoid 5-7-1 MLVSS, EC, pH, DO, Effluent (COD, NH3-N, LM R?>0.98 Giwa et al., 2016



Influent (COD, NH3-N,
phosphate)

PAC concentration, pH,
Organic properties

phosphate)

Removal rate of

L . ) ) 2 .
MLP tan-sigmoid 5-(5%10)-1 (conductivity, molecular micropollutants LM R*=0.96 Viet et al., 2022
weight, log Kow)
HRT, SRT, influent Effluent COD, COD
MLP 3-4-2 COD, MLSS removal rate Ren etal., 2007
MLP tan-sigmoid 3-15-1 IC{g]g MLSS, influent COD removal rate LM R?=10.9974 Banerjee et al., 2022
. . Flux, HRT, reflow ratio, 2 .
MLP sigmoid 5-(2%5)-3 influent (COD, TN, TP) Effluent (COD, TN, TP) LM R=>0.99 Almomani, 2020
5116 Concentrations of COD,
MLP 59-1 Near-infrared TN, NH-IV, NOs N, R2>097 Kim et al., 2021b
5.9.2 spectroscopy NO:z-N, phosphate,
e SMP, LB-EPS, TB-EPS
648-6-1 Two-dimensional ]éf)fj;zrrﬁr]zt?fn’ of DCE: R?>=0.863
MLP cv log-sigmoid fluorescence . Cl: R>=0.946 Wolfet al., 2001
98-6-1 Spectrosco degradation product NH:: R2 = 0.894
p 197 (Cl-, NH}) 3. .
Influent (BOD, COD,
MLP GA tan-sigmoid 7-9-1 TN, TP), SRT, MLSS,  Liluent (BOD, COD, LM R>>0.96 Bagheri et al., 2016
> TN, TP)
Permeability, TMP
Influent (BOD, COD,
RBFNN GA RBF 7-7-1 TN, TP), SRT, MLSS,  LCifuent (BOD, COD, R2>0.99 Bagheri et al., 2016
> TN, TP)
Permeability, TMP
DO, MLSS, MLVSS,
GBR (6\Y F/M, reflow ratio, i‘éflhi;%t (COD, TN, R2=10.830 Zhuang et al., 2021
influent (COD, TN) }
Notes:

EC = electrical conductivity; BBP = batch backpropagation algorithm; DX = gradient descent with momentum and adaptive learning rate backpropagation; GBR =
gradient boosting regression; LM = Levenberg-Marquardt; PAC = powdered activated carbon.
The number 7n1-(n2)-n3 in structural features represents the number of neurons in input, hidden, and output layers, respectively. When ny=no1 xnon, it represents that the
hidden layer has ny1 layers with non neurons per layer. When ny=na1-na2-nai-.. .-na; (where i ranges from 1 to j, and j represents the number in ), it represents that the
hidden layer has j layers with n2; neurons per layer.



Table S4. Examples of membrane fouling prediction in MBRs based on support vector machine, decision tree, and ensemble learning models

Model Optimization Input parameter Output Fitting Ref.
parameter performance
SVM CV Aeration volume, TMP Flux R>=0.814 Yasmin et al., 2017
SVM MLSS, Temperature, DO, HRT, TMP, Time Flux MAPE = 0.0343 Gao et al., 2016
LSSVM Temperature, Flux, TMP, MLSS Resistance R*=0.99 Hamedi et al., 2019
Adaptive Membrane pore size, Aeration volume, Initial flux, TMP, _
SVR optimization Temperature, Time, MLSS, Sludge particle size Flux MSE =0.06 Gao et al., 2007
SVR I"ll"ilz/r[(I)’,geAnTMP, Temperature, MLSS, TP, Phosphate, Kjeldahl TMP R2>0098 Kaneko and Funatsu, 2013
HRT, OLR, Temperature, Flux, membrane effective
filtration area), influent/effluent water quality (COD, TP, T™MP .
SVR cv NH;s-N, NO3-N), MLSS, MLVSS, protein and Resistance Lin etal., 2020
polysaccharide in EPSs
FTSVR DO, MLSS, pH, Temperature, TMP Flux MAE =0.63 Jietal, 2014
’ TR ’ RMSE =0.7937 ?
RF MLSS, TMP, Resistance Flux %‘ip(lf‘;o'(m Li et al., 2020

Note: FTSVR = fuzzy twin support vector regression; LSSVM = least squares support vector machine; PN = protein; PS = polysaccharide



Table S5. Presentation of the virtual raw data for the tutorial example

Parameter Unit Mean Standard deviation Maximum Minimum
T °C 20.96 1.08 25.25 17.30
MLSS g/L 10.01 1.00 13.22 6.68
pH — 7.90 0.12 8.31 7.48
DO mg/L 2.69 0.18 3.28 2.01
COD mg/L 501.95 49.94 689.88 323.26
TN mg/L 28.08 3.03 38.83 19.48
TP mg/L 4.01 0.39 5.27 2.83
Flux LMH 17.99 1.02 21.29 15.00
TMP kPa 18.52 3.44 29.87 6.00
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Figure S1. Number of publications using machine learning in MBR research
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Figure S2. Goodness of fit (R?) of ANN models with varied parameters for MBR

research: (a) pollutant removal prediction models; (b) fouling prediction models

(Wolf et al., 2001; Aidan et al., 2008; Pendashteh et al., 2011; Mirbagheri et al.,
2015a; Mirbagheri et al., 2015b; Bagheri et al., 2016; Giwa et al., 2016; Hazrati et al.,
2017; Yasmin et al., 2017; Schmitt et al., 2018; Cai et al., 2019¢; Cai et al., 2019d;
Chen et al., 2019; Alkmim et al., 2020; Almomani, 2020; Hosseinzadeh et al., 2020;
Wabhab et al., 2020; Kim et al., 2021a; Viet and Jang, 2021; Banerjee et al., 2022; Irfan

et al., 2022; Viet et al., 2022; Yao et al., 2022)



Notes

Section 1. Set of model parameters

(1) SVM

The SVMcgForRegress algorithm was used to optimize the penalty factor C and
the kernel parameter G for the RBF kernel function. For this tutorial example, the
optimal values for C and G were 0.5743 and 0.3299, respectively.

(2) RF

A larger number of trees were set and the most appropriate number of leaf nodes
within the range of {5, 10, 20, 50, 100, 200, 500} was selected based on the MSE
parameters. For this tutorial example, the MSE evolution process determined that there
were 120 trees, each with 5 leaf nodes. The model was trained using out-of-bag
sampling and the influencing factors of membrane fouling formed a high-dimensional
data set.

(3) BPNN

In this example, the neural network had 8 input neurons and 1 output neuron,
corresponding to the number of input and output variables. To establish a single hidden-
layer neural network, the number of hidden layer neurons should be between 4 and 14.
The number of hidden-layer neurons corresponding to the minimum RMSE was
selected for subsequent modeling. According to the RMSE values (Table AD1), the
optimal number of hidden-layer neurons was 10, thus the final model topology was set
to be 8-10-1 for the BPNN modeling in this example. The neural network toolbox
provided with Matlab was used for the modeling, with the activation functions of
‘tansig’ and ‘purelin’ applied to the hidden layer and the output layer, respectively. The
LM algorithm was selected for model training, with a maximum number of 1000
iterations, a target error of 10, and a learning rate of 0.005.
Table AD1. RMSE of the BPNN model with different neurons of hidden layer for the

tutorial example

n 4 5 6 7 8 9 10 11 12 13 14

RMSE 0.1541 0.0120 0.0275 0.0522 0.0519 0.0354 0.0008 0.0157 0.0466 0.0114 0.0106

(4) LSTM
In this example, the neural network had 8 input neurons and 1 output neuron,
corresponding to the number of input and output features, respectively. The hidden layer,

as composed of LSTM units, was tentatively set to have a total of 24 neurons. The



model training employed a variable learning rate with an initial value of 0.01. After
every 125 iterations, the learning rate decayed to 0.2 times of the original. The
maximum number of iterations was set to be 500.

(5) GA-BP

Based on the BPNN model structure, 8-10-1, the weights and bias of BPNN were
further optimized using GA. The GA parameters were set as: the number of population
individuals (40), the maximum number of inheritances (50), and the probability of

selection, crossover, and mutation operations (0.95, 0.7, and 0.01).
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